Abstract: The extrusion of rubber profiles, as used for automotive production, is a highly complex continuous production process which is strongly influenced by variability in input materials and other external conditions. The personal experience of the production line operators continues to play an important role here, as analytical models exist only for small parts of such processes, and systems for automatic control can only provide basic functionality. In the MErKoFer project, knowledge about extrusion processes is captured by ontology-based traceability mechanisms for both direct process support of extrusion operators, and for process analysis and improvement based on the integrated application of data mining techniques. The knowledge accumulated this way assists in ensuring defined quality standards and in handling production faults efficiently and effectively. The approach was experimentally implemented and evaluated at the industrial partner's site, and some generalizable parts of the environment were taken up by the software house partner in their aiXPerience software environment for process automation and process information systems.
INTRODUCTION
The analysis of process data from production plants is continually gaining ground to achieve an improved understanding of the overall process, e.g., in the area of plastics processing. This is made both possible and necessary due to the widespread adoption of sensor technology, and the increasing production costs and plant sizes. Yet, the data collected during production is usually not systematically evaluated because the context in which it was recorded often gets lost. Here, a great potential for improvement can be found. It can be provided by including the contextual information and systematically generating knowledge from such operational data. In the project described in this publication, results from university research were transferred into industrial day-to-day practice. The project focussed on supporting the analysis of rubber profile extrusion by employing knowledge-based methods. It furthermore focusses on the direct experience-based support of machine operators controlling such production lines.
The processes treated here cannot be effectively described by analytical models or simulations based on physical correlations (Röthemeyer and Sommer, 2006 ), which will be described later in more detail. A coherent framework for the analysis of these experience-driven production processes can instead be established. This can be done by combining recorded process traces, available explicit knowledge about the process, and additional ontological modeling of the process aspects. Data mining, statistics and other mathematical approaches are used to analyze and partially predict the process behavior. These methods also generate explicit knowledge usable for process design and improvement by the engineers.
In this report, the project "MErKoFer -Management of Experience Knowledge in Continuous Production Processes" (Raddatz et al., 2006; Brandt et al., 2008b ) is discussed. It was funded by the German Federal Ministry of Research (BMBF). Two major approaches for process support and improvement were combined. They primarily stem from the basic research conducted by the authors' research group. This research was performed as part of the Collaborative Research Center (CRC) IMPROVE (Information Technology Support For Collaborative and Distributed Design Processes in Chemical Engineering) funded 1997-2006 by the German Science Foundation DFG (see Nagl and Marquardt (2008) ). The methods used were ontological modeling based on the Process Data Warehouse (PDW) approach (Jarke et al., 2000; Brandt et al., 2008a) . They were applied in combination with experience management to generate and improve explicit process understanding. Additionally, the project uses the concepts and mechanisms of direct process support as developed in the context of Process-Integrated Modeling Environments (PRIME) . These were extended for the experience-based support of production line operators. The project was realized in cooperation with an industrial partner from the domain of rubber profile extrusion. The produced profiles are mostly used in the automotive industry. A university spin-off from the area of process automation and information systems (aiXtrusion GmbH, 2009) contributed solutions to the problems of data integration and pattern identification in process data.
The so-called aiXPerience environment was established at the industrial partner's site to drive and validate the scenario. It records all important influence factors of the production processes. This includes the operators' interactions, process set values, measured and derived process values, product quality and production fault information. It also includes additional information such as environmental conditions. These traces were then analyzed and searched, to allow their direct and situation-based reuse for operator support. Methods of data mining were employed for clustering and detecting characteristic process situations, to find out where and how support functionality can be provided. Substantial experiences were gained from developing and applying the situation-based operator support. They were also used to gain explicit understanding of and knowledge about the production process itself.
The next section gives an overview on the issues of using computer science methods for supporting complex production processes in the domain of rubber profile extrusion. Section 3 describes the initial steps followed in the project, i.e., the integrated recording and analysis of the production processes. The following section shows how the production situations were created, clustered, and analyzed further. This allowed to realize the extended situation-based operator support. The publication closes with a short summary and conclusions. Figure 1 shows the schematic view of a typical extrusion line for rubber profiles. Several days prior to the extrusion itself, the raw rubber is prepared in an internal mixer, where certain materials, e.g. sulfur or carbon black, are added to achieve the required properties. One or more extruders form the head of the production line. There, the rubber is kneaded, heated, intermixed. Then, it is extruded through specially formed dies (final delivery elements) which are responsible for attaining the required profile geometry. A major part of the line is taken up by the vulcanization process. It is usually achieved by near infrared and microwave heating. After optical quality control, the profile is cooled down and cut into pieces of a defined length. Nowadays, operators for all kinds of production lines have to interact with a large number of different systems for automatic control, process recording, and quality management. On the other hand, documentation tasks within these processes are often partly paper based, e.g., human process manipulations or the administration of raw materials. This especially applies to the domain of rubber profile extrusion, as treated in this publication. The heterogeneity of these systems and methods does currently not allow integrated processing of the respective data in a reliable and coherent manner (Röthemeyer and Sommer, 2006) . This was also the state at the project's industrial partner's site when the project started.
SUPPORTING EXTRUSION PROCESSES
In the concrete case of rubber profile extrusion, several additional complications arise that result in very complex production processes. Common approaches for automatic control, e.g., from chemical engineering, do not suffice in this setting due to the complex and non-deterministic properties of these processes, which are mainly caused by the following issues.
• No usable physico-analytical models exist yet for the vulcanization behavior of rubber, especially in the extrusion context. This inhibits the prediction of process behavior.
• It is hardly possible to accurately determine the quality of a profile section before it reaches the end of the production line. It needs to be examined in its fully vulcanized state. This is usually done by cutting off a small section to be examined manually for surface defects or deviations in the cross-section, or -more recently -by automated visual inspection.
• The produced profile takes a long time to reach the inspection zone (up to 30 minutes). This is due to the length of the production lines (up to 250 m), the time needed for vulcanization and thus, the slow speed of extrusion. The results of operating parameter changes can only be accurately assessed after this time.
• The processes react very sensitively to many influence factors. Not all of them are explicitly known (e.g., the duration and environmental conditions of raw material storage). When changing or correcting the process, this sensitivity has to be taken into account.
Because of these issues, these processes can only be successfully started and controlled by operators with a lot of operational experience. Much variation can be found in the time necessary to achieve a stable production state. At the same time, production costs are mainly determined by the consumption of raw materials. Unfortunately, vulcanized rubber cannot be reused if the final profile does not conform to specifications. The primary goals of the research described here were to improve the work situation of the machine operators. This especially concerns their autonomy. A further goal was to reduce the time spent in producing off-spec products, thus saving money and reducing environmental impact.
Yet, the approaches used in many other domains for operator support were mostly inapplicable in the project context. There are no explicit analytical models. Thus, it was impossible to predict process behavior and expected product quality based on the currently measured process values. This also precluded the use of technologies such as soft sensors to alleviate the lack of early quality measurements. On the other hand, many of the characteristics which these processes exhibit, resemble those of creative design processes, where the authors' research results on direct process support were originally generated:
• personal experience as the primary driving factor for successful process completion;
• the impossibility to "plan" or "predict" the process in detail; • the need for reacting on unexpected changes; • the obvious need for fine-grained process support. Thus, the scenario described in this publication was used to transfer the authors' research results into direct application and validation in real-world processes. To achieve this, a specific approach was realized that combines aspects of the recording of process and product traces and the direct reuse of these captured experience traces by means of casebased reasoning (CBR, Aamodt and Plaza (1994) ). Thus, it mimicks human problem solving behavior. Additionally, methods of data mining were applied to detect error situations, forming the initial case base.
It was also planned and accomplished to use the results of the situation-based process analysis for the creation of some kind of process models for rubber profile extrusion, to replace the not-yet-existing explicit mathematical models. A combined view was used on the explicit process understanding, the ontology-based domain modeling, and the experiences from situation analysis and operator support. This allowed to support the design and analysis of both existing and newly designed production processes, and thus to improve these processes.
RECORDING AND ANALYZING THE PROCESSES
Considering the problems described above, the approach of experience-based support for creative processes was extended to the support of operation personnel in profile extrusion. In the context of the process analysis of plastics engineering, a knowledge management system was developed to achieve the aforementioned goals. Ontologybased methods for the explicit management of experience knowledge were combined with innovative methods of data mining and neural networks. The expert knowledge captured in the ontologies was enriched with fine-grained relationships and rules from the analysis activities (data mining, visual data exploration and correlation analysis).
A Stepwise Approach A prominent goal of the MErKoFer project was the prototypical development of the information system for the support of process data analysis, and experience and knowledge management in rubber profile extrusion. This system was validated on example scenarios from an application partner. It was also established at the partner's site to provide the process operators with integrated support. Figure 2 gives an overview on some of the steps which were followed during the design and evolution of the system. They start with the recording and processing of the operational data, and end with the management of explicit process knowledge. In the following paragraphs it will be shown that the steps cannot be seen as simple and linear as in the figure, but results of the upper steps had to be fed back into the lower ones. Here, it is described how these interrelated steps have been used to extract more detailed knowledge from automatically recorded information. This was achieved through increased data reduction, e.g., by the generation of characteristic values and their contextualization. The more important aspects, mainly the concepts of situation definition, mining, and reuse, are then deepened in Sect. 4. More about the other aspects can be found in Brandt et al. (2008b) . Integration, Synchronization, and Preprocessing The lowest level of the figure is formed by the recording of the process traces, consisting of process values, quality and user data, and other information. To achieve this, it was necessary to integrate the various sources of automatic control data with several other sources. As described in the previous subsection, many of these sources had not been integrated in any way, so that the issue of their heterogeneity had to be addressed first. Some important process values, e.g., the power consumption of the extruder engines, were not measured at all. Thus, a first important step of the project was the integration and recording of these values. Appropriate hard-and software had to be installed. Environmental conditions also had to be recorded which possibly influence the properties of the raw materials and thus the process behavior, e.g., temperature, humidity and pressure. Thus, about 50 different signals were recorded and stored in a joint database.
Also, many important steps such as material changes, fault situations, and counter-measures had not yet been recorded at all, or only on paper. Those recordings were unusable for automated trace management. Hence, the requirements for building a new human machine interface were elaborated in a participatory procedure together with the operators and the engineers. The most important issue was that the "electronic logbook" (ELB) had to be comfortably operated using a touch screen, while wearing gloves. That led to the installation of two pressure sensitive touch panels which are placed at the extruders (the production line's starting point) and the quality control area (the end of the line) as required by the plant's dimension.
Signal and Pattern Analysis The next level in Fig. 2 is formed by signal analysis, where various methods were tried and used for recognizing deviations in the signals. In contrast to the fully automated approach initially planned, it was necessary to establish a sequence of complex steps for the detection of these deviations and, thus, positions of significance for further analysis. These were detected by, e.g., threshold detection, fourier analysis, or mean value analysis. Deviation patterns were then defined for their classification. Situations were constructed as sets of temporally related deviations by recognizing these patterns on the signals. Some important help could already be given to the production line operators here, e.g., by raising alarms in case of obvious deviations. 
. Excerpt of the domain ontology
Situation Definition A formal definition of the situation concept was accomplished, based on the PRIME meta model (Pohl et al., 1999) . In an initial step, generic definitions were used to detect a large number of temporarily grouped deviations, called situation instances. To form abstract situations out of the instances, methods of data mining had to be employed. See Subsect. 4.1 for details.
Data Mining These situation instances are formed by detected deviations on semantically related signals within a short time range. They were then mined for correlations, mainly based on two methods. Clustering was used to detect groups of situation instances with common characteristics, while self-organizing feature maps were used to visualize these situation spaces (cf. Subsect. 4.2).
Operator Support The trace and case repository is then applied for the direct support of the production line operators. This is not visible in Fig. 2 . The aiXPerience system was extended to detect process deviations and to find reference situations matching the current process situation. Thus, appropriate counter-measures can be found. These situation-based information and counter-measures are then presented to the operators, who -according to the case based reasoning concept of a recommender system (Bergmann, 2002 ) -can then decide on how to apply the presented information (see Subsect. 4.3).
Knowledge Management Originally, it was not planned to develop a full domain ontology for the MErKoFer project. Instead, only coarse-grained extended categorization schemata of various aspects were to be used, e.g., for interventions, error causes, and counter-measures. The elaborated domain knowledge, gathered from discussions and interviews with the industrial partner grew. It was step by step transformed into a comprehensive and fine-grained explicit information model, the so-called MErKoFer domain ontology. It extends and enriches the Core Ontology from the Process Data Warehouse (PDW) as described in Brandt et al. (2008c) . This core consists of the four conceptual areas of products, processes, descriptions and storages, and several important inter-area relationships. Based on this, the created domain ontology was used to integrate the different aspects of production and development processes, production lines, raw materials, products, and process situations, as visible in Fig. 3 .
The ontology was both created by, and used for, the determination of important relationships between various domain concepts and objects. For example, production faults and counter-measures are both categorized according to appropriate ontological schemata. The content of this ontology, and the knowledge contained therein, forms the highest level in the knowledge definition and discovery structure of Fig. 2 . Additionally, there is explicit knowledge gained both during the project, and by running the support system. It can be used for the analysis and modification of process specifications, or for the creation of new processes, e.g., for new products.
Aggregated analyses were also realized, based on the concepts of OLAP (Online Analytical Processing). They aim to achieve a broader view of the production processes. This can be seen as complementary to the detailed and deep situation-based analysis of the process traces. Based on the integrated data sources, multi-dimensional cubes were created to aggregate the available information. This allowed the well-known operations of slice, dice, and drill down (Jarke et al., 2003) .
SITUATION-BASED ANALYSIS AND SUPPORT
It is the key point about assessing and defining process and product state similar to the machine operators' way, to have objective information about the product quality.
In the presented approach, the information from the optical inspection system was used to define characteristic situations. It is based on the profile quality (the kind, distribution and quantity of defects) and the process parameters measured and stored by the automation system. A situation or case is thus characterized, among other things, by the aforementioned profile quality; the kind of profile that is produced, the used rubber-mixture; environmental data like air pressure or humidity; the values and latest progression of physical process parameters like extruder temperature, power of microwave heating or speed of conveyor-belts. Finally, it concerns the counter-measures taken by the machine operators.
Situations and Situation Instances
A situation instance is defined as a set of temporally related events. Usually, these are signal deviations or other detected changes such as interventions or detected product faults. They go together with the context in which they occurred. They are created to allow systematic analysis and reuse. This means to draw conclusions about the expected process behavior in the case of a similar situation occurring in the process.
Three different kinds of situations need to be distinguished in the following. They combine both the results of explicit analysis done by process experts, and the multi-step analysis of the process data done within the project.
• Situation definitions explicitly define various events and their properties as a kind of pattern. Usually, they consist of changing process values and possible counter-measures.
• Situation instances are automatically determined sets of temporarily related signal deviations, as introduced in the beginning of this subsection; • Reference situations are specially selected from the large number of situation instances to represent certain cases, and to allow to find and characterize these cases, including appropriate counter-measures.
In MErKoFer, the concept of situation was derived from the identically named PRIME concept (see Pohl et al. (1999) ). Case-based reasoning (CBR) was then applied for the direct support of the production line operators (see Sect. 2). This was driven by defining the cases as situations with appropriate counter-measures.
Situation Mining
A large number of situation instances was generated by automatically applying the MErKoFer algorithms for signal analysis, deviation detection and pattern recognition onto the available process and quality information. On these situations, two methods of data mining were mainly applied. The first method was used for density-based clustering of the situations, creating groups or clusters of situations to be interpreted by the project participants. The second method used neural networks to create self-organizing feature maps. Thus, it achieved the visualization of the situation instance base, allowing to interactively explore and analyze the situations to determine common vs. distinguishing features. This allowed both the construction of a case base for direct application of recorded situations and their related counter-measures in the production process, and for creating explicit knowledge about the process.
Clustering
For clustering the situation instances, the density-based method of DBSCAN ("Density-Based Spatial Clustering of Applications with Noise", Ester et al. (1996) ) was used. Unfortunately, the results were not applicable directly for determining characteristic reference situations. Firstly, the data quality had been massively reduced. This was due to the many preprocessing steps and the used situation model (vectors with a fixed number of components). Later on in the project, better approaches were therefore researched and applied successfully. Secondly, it was nearly impossible to determine the real correlations of the process parameters from the clustered situations. The main problem was that a situation instance can only be visually represented as a multi-signal time series, e.g., in the process view of the electronic logbook. Thus, comparison of more than two different situations and their process values, was very difficult. The clustering results were therefore mainly used in combination with the feature maps as described in the following. Figure 4 shows one of the self-organizing feature maps (SOM) created with the multi-strategy tool MIDAS ("Multi-purpose Interactive Data Analysis System", see Sklorz (1996) ). About 1500 situation instances are placed on a two-dimensional map so that the similarity of the data points is represented by their spatial closeness. Additionally, gray scales are used for achieving an intuitive display, where light "plateaus of similarity" are separated by dark "valleys of differences". This allows to explore the "situation space" in a visual way: by clicking on a situation instance, the respective situation, i.e., its signals, are displayed in the process view of the electronic logbook.
Self-Organizing Feature Maps
To apply this method onto the situation instances, it was necessary to convert the data items into a vector space. For each situation, the distance to all others was calculated, based on the signal-wise distance between the recognized patterns. This allowed to apply the FastMap method (Faloutsos and Lin, 1995) , to create a lower dimensional space that approximately represented the situations' distance matrix. Unfortunately, this preprocessing disallowed to apply the fuzzy-ID3-based rule generation mechanism of MIDAS (Sklorz and Jarke, 1998) , as no conclusions about the process parameters could be drawn from rules about the generated vector space.
Extended Situation-Based Operator Support
For the direct situation-based support of the production line operators, the electronic logbook (ELB) was extended by a module called GUI.Dance. This module enabled a special visualization to display the currently identified situation to the operators. The visualization goes together with appropriate counter-measures which might help to regain a stable and good production state. When a situation based on one or more significant signal deviations is detected, it is shown to the user. Both the process signals of the last few minutes, and the overlayed reference signal are displayed. Additionally, a list of reference situations is shown that fit the current process situation well. Based on these reference situations, a number of counter-measures, and their frequency, is also displayed if available.
The operators are immediately able to compare the different situations. They can assess which of the proposed solutions, or a completely different one, to choose best. This search for, and the presentation of the situation alternatives can be seen as the retrieve step of case-based reasoning (CBR, cf. Sect. 2). The selection and application of an appropriate solution corresponds to the reuse aspect. By adapting the recommended course of action and carrying it out, the operator then provides the revision step. It is important that the possible actions are neither directly applied onto the process, nor are there any restrictions of the operators about the possible interventions.
The operators' experience is supported, but not replaced, by the recommender functionality of the support system. Therefore, the initial size and quality of the case base is of minor importance, as it grows and improves with use.
Currently, research is still going on with respect to the best visual representation of the reference situations and the counter-measures. Additional aspects are to be integrated, such as the Bayes factor (see FIST algorithm in ). This aims to improve the recommendation quality based on the operators' previous decisions.
CONCLUSIONS
The described project focusses on experience-based operator support in a plastics engineering application scenario. This allowed to directly validate the research results created in the context of supporting creative design processes in industrial practice. The project aims to improve experience and knowledge management in rubber profile extrusion. Moreover, it includes the coupling of explicit ontology-based knowledge formalizations with innovative and established tools. Employing data mining and visualization methods has provided further scientific results.
One of the major goals for the industrial partner was achieved, based on the structured and highly integrated information display. This goal was to improve the autonomy of the production line operators. Direct situation-based support is derived from the analyzed process traces. Simple and explicit rules are used to notify the production line operators about occurring or imminent process changes in a way not possible previously. Specialized information about the type of deviation and possible counter-measures is not yet being offered for the day-to-day operations. But the available information already indicates the need for interventions to the operators. Integrating and extending the display of the electronic logbook (ELB) with both current and short-term historical process values, provides enhanced support there. The system records and displays the position of the produced profile visually as well as providing a numeric stability value, giving additional hints.
For the long-term evolution of the research, several aspects have been detected for follow-up. Most importantly, the system is being kept in production. It is still being extended by ongoing research and implementation. The following aspects are being worked on especially: validating and improving the situation detection; quantifying the long-term waste reduction; and integrating the aiXPerience system better into the industrial partner's environment. Currently, it is also discussed to extend the system onto further production lines, at least one of them being newly installed. There, the results of explicitly recording and modeling the domain processes and concepts will also be applied for designing both the technical aspects of the new line, and the new processes to be used on it.
